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a Maximum Likelihood Derivation - 1

EIIIII[:

Motivation:

. fit models to data to find 'optimal' parameters

. determine levels of confidence of fitted parameter
. evaluate suitability of models

Derivation of Objective Function

Let Zj = yuj(8) + ey 24
zuj- jth component of data for uth experimeyﬁt
yuj - corresponding (correct) model value

€uj - Observation error followng)robabnlty
distribution function (pdf), p(z

0 - adjustable parameters in model

What is p(z)? For a scalar z, how is it derived?

it Maximum Likelihood Derivation - 2

Assume the following moment information:
(220, [p(2)dz=1 [z p(z)dz=1, [(z=)* p(2)dz=0"

Define measure of information (Shannon, 1948) amdithe distribution function that
maximizes the information assuming only the monieformation:

Max 1 (p) = E(log p) = JlOQ(D(Z)) p(z)dz
S22 0, [p(ddz=1
[2p@dz=n, [(z-n) p(2dz=0°
Problem can be solve_(;c analytically to_o;ield'p(z) = («/T::TFBXP(_(Z_”)Z 1(20%))

If z is an m-vector for a single experiment, this de extended to a joint multivariable
distribution to give:

P(2) = (2m) ™" detly) " exp(-1/2(z=n)" (V) *(z-n))

where V is a covariance matrix defined b\// — I (Z_q)(z_q)T p(Z)dZ




% Maximum Likelihood Derivation - 3

Consider n multiple experiments (with index u). Eagperiment has a megy), covariance
V,, and experimental error distributiog),

p(e,) = (2m) ™ detl/) * exp(-1/2(¢,)" (V) (£,))
and the joint probability distribution is given by:

n _ n ~ |:| n ~

|'| p(e,) = (2m) '““’Zﬁ‘ldewu) v Eﬁxp(—ll 2Z(«fu)T (V) (&)

u= U= u=
This distribution now needs to be converted int@bjective function thainaximizes
information’ about our data.
Lets make the following assumptions:
* Replace distributional errors, by the actual residuals, = (z, - y,(8))
 Experiments u are independent andssthe same for all experiments, V k¢,
« Define likelihood function L) = p(g), and maximize this function (or its log).

This leads to the general form:

logL(6) = —(nm/2)log(277) - (n/2)log(detV)) - 1/22 &) (V)7 (e)

it Maximum Likelihood Objective Functions
Specialize objectives based on what we know altreuétror distributions.

Define moment matrix:
n

M@= (@)E&) . TV M @)= i(euf(vrl(eu)

and logL(8) =-(nm/2)log(277) —(n/2)log(dety)) — 1/22Tr(\/‘1M @)
Since first two terms do not contdinwe simply minimize Tr(M M(8))
Special cases:

* Ordinary Least Square¥:is known, all con\]})onent errorg éave same distribution and are
independent of each other i.e

Min Tr(M(6)) = %, % &,

» Simple Weighted Least Squaﬂéss known and diagonal, all component errqjsaee
independent of each other, I.e., dla,{jl

Min Tr(v-im(6)) = 2, 2, g,%/0;?

* Weighted Least Squarésis known but general, all component errggdepend on each other:

Min Tr(V-iM(6)) =2, 2, g,V g,




i Maximum Likelihood — Unknown Covariance

Maximize L©) wrt V as well a$.

logL(8) =—-(nm/2)log(277) — (n/2)log(dety)) —1/22Tr(V'1M @)

Assuming V is symmetric and nonsingular, we get:

dlogL(d) _ g AR 1y
v (n/2V 1/2;(\/ MOV )=0

which leads toV* = 1/n M(6)
Substitution into L) leads to:
logL(6) =—(nm/2)log(27) - (n/2)log(n) —1/2mn—-n/2logdet(M (£))
S0 we minimize:n/2 log det(M(6))
Notes

« If the structure of V is known, we can further sipdize the objective for unknown
covariance (e.g., diagonal covariance, same cowg)a

* V* is biased but can be corrected by using V'/gm ny) V*

&ﬁﬁﬁ‘é Unconstrained Least Squares

Basic Problem
¥(0)

Min®(8,y,2) :1/22(4, Y)W, (2, - ¥,)
SI hu(xulyuig) =0

asésb
. W, can be chosen to be (M )
. h, (X, Y.» 8) = 0 is a model of the system
. x, are fixed independent variables
. Bounds are not expected to be active

Consider the case whergiy an explicit function o8,
h, (X, ¥, 8) =0==>y,=1,(x, 6)
and Min®(6,y,2) = l/ZZ(zu -1, (6?))TWU(ZU - 1,(0))




% Least Squares — Solution Methods

Linear Least Squares

Model is given by: y=A 08+ b,

Min®(6,2) =112 (2,-A0~0,)"W, (z,-A0-b,)
FromO,d(6,2)=0 ,we get the normalatipn:

Z(Afwuw = Z AW, (z,-D,)
d this leads tag = I (AT IS A (2 -
and this leads tay [HUZI(AJ WUAJ)[H 5 AW,(2,-b)

Note: A better way to solve this linear systenmisld a QR factorization on a
concatenation (over u) of (WA .

11

&ﬁﬁ& Least Squares — Solution Methods

Nonlinear Least Squares

Model is given by: y=f(x0)
Min®(8,2) =112¥ (z,,(0))"W, (2,1, (6))

u=

And we solve this unconstrained problem with Nevganethod
From Taylor series expansiom, (6, z)+ 0,,P(6",2)A8 = 0
(0" = -3 IW(Z, = 0, I, =0,

D()(lq)(ekuz) = S (‘JJWu‘Ju + Ru)’ {RJ}ij = _DU,III fuTVVu(Zu - fu(gk))

&
Now assume thdg,-f (6) is nearly zero and therefoRg is nearly zero. Then the
Hessian simplifies tofl,,@0*,2=Y JIW,J,

and we have th&auss-Newton Méthod

IE anJg"fW -f (6
[Bgl(u )0 Y 3, W,(2,-1,60%)

Note: A better way to solve this linear systenmisld a QR factorization on a
concatenation (over u) of (W3],




B o
M Globalization of Gauss-Newton Method
To ensure convergence from poor starting points:

Line search method

Choosex [J (0, 1] so that a sufficient decrease is foundd¢d)
with: 6k =0k + a AB.

This will converge to a stationary poinid® = 0) as long as

Z JIW,J, is sufficiently positive definite. What if singular?

Add A | to Hessian to get theevenberg-Marquardt method.
n 71 n
80=05 (3, W)+ E 53, Wz, - ,6)
C [ &

u=

How should\ be adjusted?

13

&m Unconstrained Problems: TR Motivation

Take: Min ®(0)

. 1
Model Problem: Min cb(ek) + ch(@k)TA9+

2
el <
2 2

AG2D(6,) A6

Optimality Conditions: Leads to Levenberg-Marquardt Method
Me(6, ) +D0%®(6,) A6+ A6 =00
|a6|* <a2,2120 O==>A8 = ~(0?®(0,) + A1) 00, )
O
B A(ag] -a)/2=0 g

OOoam

How do we choose A or A?




ﬁm Extremes of Trust Region Method

For given A, solve for A directly
||AB(A)|| - 1/A=0

" A=0, Alarge: ABis the Gauss-
Newton Step

A ——>» A =0:ABis a small step in
the steepest descent direction

Trust Region Methods - guaranteed to converge to local optima,
with much weaker assumptions than line search methods.

15

& Trust region approach in MINPACK
i (More’, 1980)

Choose\ so that |AB || < A, comparingT = ared/pred
- actual reduction (ared): ®(6v) - (B« +A0O)
- predicted reduction (pred)0,,®TA0 + 1/2 AB0,, D AB

At iteration k:
» Calculatei corresponding td, and calculaté6.
» Evaluate (ared) and (pred).
» Definet = ared/pred

a)lf py<t<p,, A=mA

b)Ifp,<T < porp,<t, A= A

b)If 1 <p, A= Alm,

c)If T <p; resetAB=0

Set, 0«1 = B« + AB

Typical values for the parameters:
m,=m,= 2 andp, = 0.75,p, = 0.25,0,=0,p, = 2




&% Why is trust region required for parameter
ik estimation?

log &) [

First order reaction:  A(t) = A(0) exp(-k t); k 5&xp(-E/RT)
Data available only at one temperature.

Results:

* Nonunique parameter estimateg, K

* Singular Hessian

» Can be due to poor model and/or poor data

* Trust region methods will ensure convergence to “some” solution,
* Postoptimality analysis will establish nonuniqueness, insensitivity

17

&m Example: Catalytic Cracking of Gasoil
(Tjoa, 1991)

k1 k2 k3 08 -
A->Q->S A->S

0.6 1 —o&— YA _daid
—— YQ_daiq
—8&— YA _estin]

yAI = '(k1+k3) Ya? 7 ——  YQ_estin
yQI = 'klyA2 - kz yQ 027
YA(0)=1,%0)=0

T T T T
0.0 02 0.4 0.6 08 1.0

ODEs can be solved to yield explicit form: 3} B1)

Apply Trust Region method (GREG):

(ky, Ky K)o = (6, 4, 1)

(k,, k,, k). = (11.95, 7.99, 2.02)

(ky Ko K)o = (12, 8, 2)

Converges in 5 iterations (11 function calls)




il Convergence Rates for Gauss-Newton Methods

Small Residuals at Solution (Good Model Fit):
e*=0, R* =0,
0,20 ,2) = JTW J,
=
» Gauss-Newton method is quadratically convergent.
» Trust region will be inactive if Hessian is nonsingular
* L-Mis also quadratically convergent for unicre

Large Residuals at Solution (Poor Model Fit):
e #0, Ri* #0,

0, PO 2) = ZJTWJ +R,

» Gauss-Newton method is linearly convergent.
» Trust region may not be inactive if Hessian is nonsingul
* L-Mis also linearly convergent for uniq@. "

y Hybrid Methods (Gauss and quasi-Newton)

EHCIIIE

Quasi-Newton Methods

« DFP and BFGS Methods apply secant formula, symnzetd positive

definiteness of Hessian
¢ Do not exploit structure of least squares problem

Dennis, Gay and Welsh (1981) - NL2SOL

e Approximates true Hessian as G-N Hessian is known

e Specialized, self-scaling Q-N method developet dpproximates R
¢ Incorporates Trust Region Approach of More

¢ Leads to superlinear convergence

Fletcher and Xu (1987)
« Applies specialized Q-N method to approximate R
« Uses a switching rule to monitor if there are droalarge residuals
Tk = (D(6) — P(6<+1))/D(6)
Large residuals: lim,, 1= 0, Use specialized Q-N updatakfs< ¢
Small residuals: lim,. tk=1, Use specialized G-N formulatf > ¢
(Choosee [D.1)

10



&wﬁ‘é Constrained Least Squares

Motivation:

* Model cannot be reformulated as y 8)f(

« Too expensive to converge tyu, 8) = 0 for each parameter value
Basic Formulation:

Min®(8,y,2) =1/2% (2, - y,)'W,(z, - )

st. h,(y,.6)=0
asé6<h

e Any NLP method can be used to solve this problem

e SQP can be tailored to take advantage of speanial 6f ® allows for
tailored algorithm.

e Leads to faster algorithm than standard SQP wi®8 updates

21

Optimization Strategy: SQP method
Let xT =[0O7, y] and consider QP subproblems for SQP:

ical
ERING

min @ (xX)7d+1/2dBd
s.t. h(x) + Oh(x¥) Td = 0
xt < xk+ds xY

First order necessary conditions
B Ohomp  fer
Bhn' oBRH  HhE
Problems:

* How to deal with a larger QP problems
¢ How to calculate the Hessian
Strategies:
¢ Use Range and Null space Decomposition strategy to
decompose the search direction into:
- Null space movement
- Range space movement
¢ Use a hybrid Gauss-Newton and BGFS update formula
* Analogy to unconstrained approaches 2

11



&wﬁ‘é Range and Null Space Decomposition
Define linear QP system as: M s =1, to give:

B OUhopo @mor
fn' oBEH  HhE
and select an n x n nonsingular matrix: H=[Y | Z ], whén&Z = 0.
* Z, Y are null & range space bases for the linearized equalities
» Search direction with range(pand null space ) components:
d=Yp, +Zp,. Y'=[0]I] Z'=[I|NCT]
Now defining X =diag[[Y | Z], | ], we can consider the equivalg
system X M X z = XTf (with X z = s) as:
Y'BY Y'BY Y'Ohp, 0 OF'O¢O0
T T 0_ TAa
Z'BY Z'BZ 0 h,F=-z'00p
Hohy 0 0 fBvB P h H

Standard assumptions: setBYY =0and YBZ =0

23

ical
Mﬁf‘mvm

Structure of Least Squares Hessian

L: u . . L: m ) ,
BK :{DGGL Dey'—] ook = 2 viloohi— Hlyk-= 2 Vilarhy

Dyel- Dyl Oyok = 3vilehy Oy L= 0,@+ Sy, h,
= 1=

where L@, vy, v) =d(y) + VTh(8,y)

KKT multipliers (based on first order estimates} given by:
v=-NTOhy1YT@ =-(YTOhytYT[0|Z, e, W]"

Assumptionlf the residuals arsmall, then at convergencaie 00 v= 0

The Hessian becomes gG-N :[ 0O O ]
0 (W

0  Newton-likerate of convergence

nt

12



ﬁ‘f Least Squares Hybrid SQP Method

Motivation: Choose best Hessian approximation for differeablem types

StrategiesDevelop a switching rule to decide if Q-N or GaNproximation
should be made forkB(Fletcher and Xu, 1987)

» Define merit function: L*(¥) = ®(x¥) + vTh(xK) + 1/2y ||h(¥)|p

* Uses a switching rule to monitor if there are droalarge residuals
* = (L*(X k) — L*(X k+1))/L*(X k)

Large residuals: lim>. T, = 0, Use specialized Q-N fofBZ if 1, <¢

Small residuals:  lig->. T, = 1, Use ZB®NZ, ZTBCNYp, formula,t, > €

Choose [D.2

25

&m Example: Catalytic Cracking of Gasoil
(Tjoa, 1991)

(K, Ky, Ka)o = (6, 4, 1)

(K, ky ko). = (11.95, 7.99, 2.02)

(ki Ko Ka)we = (12,8, 2)  Method Obj. Iters. CPU (s, V3200)
BFGS SQP 8.23e-5 10  4.31
Gauss-Newton 8.23e-5 4 2.25
Hybrid SQP  8.23e5 4 231

1.0
k1 k2 k3
A->Q->S A->S 08 1
0.6 1 —8— YA_daid
Ya' = -(KitkKs) a2 Yi T Yaddig
Vo = kyi-lye o) e
ya(0) =1, %(0)=0 0
number Of ODES: 2 o0 0.0 O,'2 0.'4 O,'é O,'S 1.0
number of parameters: 3 '
discretized ODEs: 68 variables

13



i Small Residual Example:

a-Pinene Kinetics

number of parameters: 5
discretized ODEs: 245 variables

100
8 Y ] —o— Y1 data
/’E’J ? o \ —»—  Y2.daia
Y, \ w— Y3 data
) €0 R ¥4_data
\é?“ Y, i}. Y \ ¥5_data
B 4 a0 .x;’ o= Y1_estmate
- _\n ¥2_estmate
] lT 20 4 E \_\-—*’ — —m— Y3 _estmae
* @ 5 m i B —=— ¥4 _sstmate
0 -r"/f/l/ —_— +— Y5 astmate
v o 10000 20000 30000 40000
5
Time (min}
number of ODEs: 5

Method Iters. CPU (s, V3200)
BFGS SQP 37 90.8

MINOS 21 64.8
Gauss-Newton 6 23.5

Hybrid SQP 6 23.6

27

&m Further Results (Tjoa and Biegler,1990)

Number of lterations (Function Evaluations)

Problem GREG MINOS ——Qbbasdmethods
BFGS GN Hybrid
1 6(12) 8 (41) 8(10) 3(3) 3(3)
2 14 (34 8(72) 14017 3(3) 33
3 6(12) 8(55) 30 (31) 33 3
4 7 (20 13 (95) 14 (13) 6 (6) 6 (6)
5 7(19) 15 (236) fail 13 (16) 13(16)
6 5(10)* 7(72) 13021 505) 5(3)
7 8(16) 10 (150) 24 (30) 565) 6 (6)
8 fail 21 (271) 37 (61) 6 (8) 6 (6)
0 26 (95)* 33 (320 10 (24) fail 18 (18)

* using least squares objective function

14



i Comparison of Hybrid vs. General Purpose

NLP Codes (Tjoa)

80C

600—

B +ybrid

SQP/RND

MINOS

CPU Time

Function Evaluations

Summary on 10 parameter estimation (kinetics) problems

Few parameters, degrees of freedom
Hybrid method for Hessian structure:
(Fletcher and Xu) quasi-Newton method.

29

« Further Comparison — Constrained Trust
Region Method (Arora, 2003)

08r

o =) =)
n @ =
T T

o
~
T

Fraction of problems solved

— quasi-Newton Hessian
—+— exact Hessian
—&— Gauss-Newion Hessian

N

Figure 4.8: Parameter Estimation Problems

1 2 3 4 5 6 7 8 9
log,(Factor difference between function evaluations and minimum function evaluations)

10

30
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i Statistical Inference of Estimated Parameters

Covariance of Optimal Parameters

Given an error distribution for the data (assumed Gaussian with covariance, V,)
How does this affect the accuracy of the estimated parameters?

Recall: V,= E(& &) and Vo= E(66 56

How does € change with data z?

0P(6*, 2) _ 0 0P(6* +5€,2+C2) -0
08 ’ 00
2 2

GLON (24 z)Jz+a<D (6%, 2)
060z 96°

and 59-EB(D (9: Z)B 00 (&, Z)Jz S0 we have:

D 06 0 060z

ie.,

Approximate by : 060=0

EBGD (6%, z)EI D> (6, 2)

E(&z &)

V, =E(8656") =
(069F) =056 0 260z 900z [ o6

D065, 0" 90°(6,2),, 002(6,2) DP(6 )T
0262 5 o600z " o060z 5 o&® H

OV,=

O

o2 (6r, 2) (6, 20

31

&ﬁﬁﬁé Special Cases for Covariance

1. If the objective function has covariance indegmnt of u, i.e.:

o= Z(zu—f ()Y (z, - 1,(8)) then wehave: V, = Z(J WAND

2. If z,is a scalar, then Ms o2 and \is given by: o Z% 6 E

3. If the covariance for z is unknown, then est'ﬂ!natn
from moment matrix Y= M(6)/n and then¥, = Z(JUTVZ'lJu) *

4. For general likelihood functions ¥ -(Ogg(log L(6*)) is
asymptotically correct as oo.

32
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&7 Elliptical Confidence Regions
Hi

Single parameter

For a given interval leyy = Pr( a< 6* < b) =[ p(6*/6,,) d®

tru

and for a single parameter this becom@g.. | 6*| < { where( is the confidence level
for y with g calculated with n --»0 and

-1
n [pf, of, "
o, =0° L __u
? Z%ME

Otherwise, with a small sample siz@; |- 6% <ts,

-1 S
I N =P = v )
- LRetery s Sg%ae E

Multiple parameters

Map out a region @) so thaty = Pr@,,,. 0 S@©))

This can be done using the principal direction¥ givhich leads to:

Y= Pr((etrue'e*) Tve-l (etrue'e*))

33

ical
Mﬁf‘mvm

principal
axes of V e

For normal, unbiased distributions, linear modeld a known Y, this probability
follows ay? distribution so that the region can be defined by:

(etrue'e*) Tve-l (etrue'e*) < c(y)
c(y) is x? value fory level of confidence with ydegrees of freedom.

« For a scalar z, the? test simplifies to an F-test for determination ¢f)c

« Elliptical confidence regions are correct if thedel is linear or for small levels g
confidencey. Otherwise, confidence regions can deviate grdaity ellipses.

« Elliptical confidence regions are most commonlgdisNonlinear confidence
regions much more expensive to calculate.

34




ical
ERING

Errors in Variables Models (EVM)

Conventional model: y =f(x,8) or h(x, y,0) =0

No. of independent variables (x) £ s

No. of dependent variables (y) 7 s

No. of parameter$j = p

No. of constraints = m

No. of data sets = r

O Noerror inthe "independent” variables, x
Number of degrees of freedom for optimization = p
Minimize vertical distance, e.g. (Y zu)?

35

ical
Mﬁf‘mvm

Errors in Variables Models (EVM) - 2

Implicit Model: f(x,y,0) =0

Both x and y have inherent measurement errors
O under-determined system

(e.q., pressure vs. temperature data)

-
X

Number of degrees of freedom for optimization
=p+(s-m)r

O NLP size grows linearly with the number of datesset
Minimize anonvertical distance

36
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&wﬁé EVM Problem Statement

. _ J T
Min CD—]./ZU: euWe.J Min @ = % 1/2 ql
st. f,(w,,6)=0 st. m( u,ZU,B)—O
aSHSbT - a<fs<b
whereg, =w, —z,,w, =[x y!] whereh! =[f'g/]
Formulation: Introduce

New variables: ¢,

* Least squares nonlinear constraints with .
New constraints: g=¢,-6=0.

many degrees of freedom

Solution Srategy:

*Apply decoupling strategy to
SQP method

Decompose for each data set
Computational cost linear in #
of data sets

Current Approaches

* Nonlinear Programming Strategies —
Expensive if sparsity not exploited

* Linearized Least Squares - Not robust,
global convergence not enforced

*Can solve in parallel

37

&ﬁﬁﬁé KKT Conditions for EVM

Structure of the KKT matrix after decoupling:

= RHS(6)

0B, 0Oh,LId, D E%D i, = m, f, OD (Aw, O v, IO

D | -4, d

o (0 B B Dt 1f BXZ fin
OnceB is fixed, can solve for remaining variables indegesntly.

Can exploit each KKT system further.
W, 0O

Structure of Hessian (Gauss- NewtonB
E]o oF

38
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ical
ERING

EVM Decomposition

0B, OhOd,0 Mg
tnw o B H Hh B

Apply Range and Null space Decomposition

* Subspace search directionth,'Z,=0, Y,Z,=0

* Define: QJ = ZupZ,u + Yqu,u
Null space step:  ,p= -(4,BS°SNZ)1Z,T @
Range space step;, p= - (Oh,TY, )1 h,

* Note: p, is dependent oA, p, ,is not!

Reconstruct QP Problem is spaceléf
» Sum up contributions from all data sets

Min %Zau gAeﬂ/erT@hZﬁu Ao
A8 - O - 0

st. a-0* <A <b-o"
wherea ,andg, arederivedfrom Uh,

39

ical
Mﬁf‘mvm

EVM Examples

Number of

Example Model
1 ¥=61+82x 10 12
2 v= 8] +6x+083x2+a4x3 10 14
3 exp(- 81 texp(- B2/7) -y =0. 15 32
8, 8363%, x3 i
4 = 183 3‘(_3_.3 28 50
(1+81% +85% )
5, Case 1 Xp =8 P 25 27
s 2 1 xl_e: - =
5, Case2 50 52
5, Case3 75 77
3. Case 4 100 102
80

3 60 1

o

&

X

<

S 401

7y

°

s

8

5 207

o

o

0 y T T . T
0 20 40 60 80 100 120

Data Sets 40
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Full-space NLP Formulation for Parameter

ical . .
- Estimation
';(rm][lp f (X) Can generalize for
Original Formulation s.t ¢(x)=0 a<x<b
x=0

\

Barrier TXTD]DII;] ¢H(X) =f(X) —,U; In X

Approach
s.t ¢(x)=0

OAs u > 0, x*u = x* Fiacco and McCormick (1968)

41

&m Solution of the Barrier Problem - IPOPT

[0 Newton Directions (KKT System)

Of (x)+ A(x)A-v =0
XVe —ue = 0
c(x) =0
N
[0 Reducing the System
d, =pX'e-v-X\d

@+ ATG,0 [Mg,0 )
0 OF 0.0 S=XV
A oAt Pt

What are the Benefits for Parameter Estimation?

42




Large -Scale Parameter Estimation

ical
ERING
Initiator(s)
-------- >
Monomer __y ] T 1irrU—[)-B 2 1irrU—D—U 3 1#U-C» ------- > NZ
Comonomer ¥ T F ¥ T I
I Z >t 7 1 Z > - — - - 7 >

Material & Energy

Physical Properties i

F, [dyl]iiz)

Zone Transitions

500 ODEs
1000 AEs

,yj(z)zwj(z)azzﬂj, I—I:l =0

G; [yj(z),wj(z), z,7j, I_I] =0
y;j(0) = é(yj-1(2L, ), Fy;)

je{1.NZ}

» Stiffness + Highly Nonlinear + Parametric Sensit  ivity + Algebraic Coupling

CarnegieMellon 43
ERING . . .
o Complex Kinetic Mechanisms
Initiator decomposition Chain Transfer to Polymer
kgp1a i
I L op i=1,Nj Pro d Mey == Pry + M
Py + My % + M,
Chain Initiation v
K, Q, + M., — P, + M,
R + My —% Py Rysan
% Qrs + Mey 22 Quy + My
R+ My — Qoa
Termination by Combination
Chain Propagalio: Pie + Pig Keery Mises.svi
P + Mi =5 Py, ;
’ oo Py + Quy ™% Moty
12
Pro 4 My A— Qrett Qris + Qzy e M yzoty
Qrs + My 2 Py, - ! I
‘ Termination by Disproportionation
Qe + My B Q,,
P G Pro + Poy B8 M. 4+ M,
ChainTransfert:M?nomer P., + sy kearz M,, + A\[’.”
P. + My "™ Py + M,, kiaia
5 Qrs + Quy —— My + My
P, + My Z¥ Qo1 + M,
o Backbitting
Qre + My ¥ Po + Mye p_ kaop o0,
Qre + My "% Qo4 + M, B, ™ 0., o P,
Chain Transfer to Solvent B-scission
3 k
Poo + S 5% Py o+ Myo P 2 ME o+ Py
Qre + 5 buig Qo1 + M, P L} M7, + Qo
k = kg exp (_Ea+p E, ~ 35 Elementary Reactions
- RT ~ ineti
CarnegieMellon 100 Kinetic Parameters e

22



&ﬁﬂ Large -Scale Parameter Estimation
ERING

o Parameter Estimation for Industrial Applications
o Use Rigorous Model to Match Plant Data Directly
o Start with Standard Least-Squares Formulation
min NS Nz NM(j) T
n,my ki (z) =yl ) Vit (i (=) — vl
! kgl j;1 1;1 (o i Ga) V' (ues G i) Least-Squares
K M \Ty—1 M
+ X (wivz —wilvz) Vet (wrnz — wilng)
k=1
s.t.
dyg,j(2)
Fyj {sz»yk,j(z),whj(@,Z,Fk,]w n=o
Rigorous
Ciej [y (2) wiej(2), 2. 5,1 O Reactor Model
yr,j(0) = ¢(yk,j—1(ZLk1j_1)7 ka‘j)
je{1.NZ}, ke {1.NS}
o Special Case of Multi-Stage Dynamic Optimization Pr  oblem
o Solve using Simultaneous Collocation-Based Approach

1 data set 6 data sets
500 ODEs x 6 3000 ODEs
1000 AEs 6000 AEs:s

&m Large -Scale Parameter Estimation
ERING

u Multi-Zone Tubular Reactor —  Quasi Steady-State
o Data Sets: Operating Conditions and Properties for Different Grades
o Match: Temperature Profiles and Product Properties
u On-line Adjusting Parameters > Track Evolution of Disturbances
u Kinetic Parameters > Development and Discrimination among Rigorous

Models
o Results

o Single Data Set (On-line Adjusting Parameters)
Grade Constraints Parameters LB UB Iterations | CPUs NZJ NZH
A 11955 32 374 361 11 17.03| 166425 87954
B 11283 32 374 361 8 10.06| 138666 76890

a Multiple Data Sets (On-line Adjusting Parameters + Kinetics)

Data Sets [Constraints| DOF LB UB Iterations | CPUs NZJ NZH
3 33900 121 1246 1207 68 451.51| 520275 552738
6 68421 217 2467 2389 58 900.21| 1058412 1119258
W(zg, \p) Alzy) —I][ Az vf(zk)+A(zk)/\k_Vk:|
Bottleneck (Memory Requirements) A(zy)T 0 0 AN = — c(zp)
Factorization Step Vi 0 Xy Av X, Ve — e

46
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Large -Scale Parameter Estimation

ical
ERING
Improved Match of Reactor Temperatures Profile
1 T T T T T T T T T
o Grade A
3
© 0.9
2
£
© 0.8
5
§ 07
e
3 — - Base
K] 0.6 — This work
@a o Plant
05 | L . | | | | ! |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Scaled Reactor Length
1 T T T T
o Grade B
P
© 0.9 B
2
£
C 0.8
s
g 07
o
B L — - Base i
[ 0:6 — This work
@ o Plant
05 . L . L L ! L L |
0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1
Scaled Reactor Length
47
ical IPOPT Factorization Byproduct
1500 T T T
5 5 5 — 1 Data Set
— 3 Data Sets
1000 - -
0 At CELCCCECE SECEEURES EREEISES EESRRERPY = < COUEl ISRERCEERt St .
bR
©
w
oo 2 |
mE
w
2
-500 S ]
c «\Ty/—1 * 2
:(7T—7I')Vﬂ. (ﬂ-_ﬂ-)SX(aanﬂ”)
-1000 - l L
Vil 9nly -10n
T 9y 'Y 0Oy
~1500 | | I | | | i i i
= -4 -3 -2 = 0 1 2 3 4 5
0 _ 0 4
(K1 Kp0) x 10
48
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ﬁ%‘ Advanced Regression Methods

Errors-In-Variables (EVM)
- Standard Least Squares - Errors in Output Variabks -Biased Parameters

- EVM - Errors in Output AND Input Variables - Unbiased Parameters

R I S § S R

v v v !
: cw cw ! Cw 1
| Modifier v o v v o : 1
Comonomer Spm— — -—_— I
P Y v Y 1

Inputs
Carnegie Mellon 49

&m Advanced Regression Methods

RING
Errors-In-Variables (EVM)

NS NZ NS Nz NMu(j)
EVM Drawback - Degrees of Freedom DOF =T+ Y > m 4+ > > >0 wyyy
k—1j=1 k=1j=1 i=1

Formulation is Straightforward

min NS Nz NM(j) M A\T <1 o
Mg pup; o > > (yk,j(zi)—yk;j,i) Vy (yk,j(zi)_yhj,i)
k=1j=1 i=1

NS
M \Ty,—1 M
+ 3 (wewvz —wilvz) Vo' (wenz = wilvz)
k=1
NS NZ

T <
+ 3% (uny—ukf) Vil (ung — i)
k=1j=1

EVM vs. Standard Least Squares

Data Sets Constraints |DOF LB uB Iterations CPUs NZJ NZH
6 (EVM) 68627 529 | 2653 2575 71 1010.74 ] 1059512 1119780
6 (SLS) 68421 217 | 2467 2389 58 900.21 | 1058412 1119258

50
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&ﬁﬂ Industrial Case Study

CarnegieMellon

o Results - Reactor Overall Monomer Conversion
('up to 20 Different Grades )

T T T T T T T T
©O Base model
O New model

(-} %
L o o i
°
9 ° a
S o
5 o o
il g™ B 1
@ ° o
ol o = i
o
c
S| i
o

Avg. Conversion Deviation
Base Model — 12.1 %
New Model - 2.5 %
EVM Results - 0.12 %

[ Predicted Conversion (%) |

51

s}

Next Generation IpopPT

* lpopT 3.2, Fall, 2006, CPL (www.coin-or.org)
— Based on Fortran version
Object-oriented, NLP Solver
¢ Primal-Dual Interior Point method
« Full space - exact Hessian information
« Monotone/Adaptive | update
« Filter line search strategy
Flexible algorithm structure
Interfacing to other linear solvers
Modeling Environments - AMPL, AIMMS, MATLAB...

* ldeal for Internal Decomposition
— Consistent linear system structure at every iteration
— Separation of algorithm and specialized linear algebra

26



High Level IrorT Design

NLP NLP Algorithm Linear Algebra
Interface Interface
Large Specialized
Structured |~ - """~ TTT7°~7 Linear Algebra
U

* Provide structured NLP elements
— Hessian, jacobian, gradients, residuals, variables,
« Vector operations
— BLAS, norms, dot products, axpy, element- wise, max, min, etc.
« Matrix-Vector operations
- Myv, Mv
¢ Solution of Linear KKT system

& Modeling the Block NLP

DistributedABINLP

g=1 =2 =3 g=4
Cowe [ owNe | [ owp [ P
we | [t | | [

54
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ERING

Carnegie Mellon

Direct Factorization MA27

_Parameter Estimation in Parallel Architectures

Exploit Structure of KKT Matrix — Laird, Biegler 2006

min NS NZ NM(j) v AT <1 "
Mg > > > (g — i) Vit (v — i)
k=1j=1 i=1

NS ] T ]
+ 3 (wivz —wilvz) Vo' (winz - wilvz)

k=1
s.t.
Fi; [dyk;;(z),ykvj(z),wkvj(z),z,‘rr;w,I'I} =0
Gij [vr(2),wij(2), 2,75, 1| = O
Yk, (0) = ¢(ykj—1(z1, 5 4): F, ;)
je{1.NZ}, ke {1.NS} Ng
s.t. ¢(z)=0 k=1
s.t. Ck(.’IZk, nm=o
z>0
Tk, n>o
Ky Q1 Asy ry
Hy, A, —I Ax Tx K> Q2 Asy T2
A o o || Ax |=- ) Tk Qs o=
Vi, 0 X Av X Ve — e N N SN TN
k k RYkE T b QT @Y ... Q§ Dn || an ™M

Block-bordered Diagonal Structure

Memory Bottlenecks Coarse-Grained Parallelization

Factorization Time Scales Superlinearly

with Data sets

55

c
ERING

Carnegie Mellon

_Parameter Estimation in Parallel Architectures

Asq 1
Asy 5
Asn TN
AT ™
Parallelizable

Sparse FactorizationK; in each Block
Inertia Correction

Non-parallelizable
Dense Factorization ofS - dim{M}

Parallelizable
Final Backsolve

56
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_Parameter Estimation in Parallel Architectures

ERING

Computational Results — LDPE Reactor EVM Problem

Beowulf Cluster — ChemE Department, Carnegie Mellon University
Intel Pentium 4 Xeon 2.4ghz, 2gb RAM

Serial
Parallel B

2000

1500

Wall Clock Time [s]
<]
o
o

500

0 1 2 3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 26 28 30 32
Number of Data Sets

Iterations

0 1 2 3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 26 28 30 32
Number of Data Sets

Carnegie Mellon

57

2arameter Estimation in Parallel Architectures

LC
ERING
Computational Results — LDPE Reactor EVM Problem

35 I
Il Time/lter Serial
[ Time/lter Parallel
Il Time/Fact Parallel

Wall Clock Time [s]

01 2 3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 26 28 30 32
Number of Data Sets

Carnegie Mellon
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% Conclusions — Parameter Estimation

* Trust Region (Levenberg- Mar uardt) methods: stechftar unconstrained
problems - MINPACK, NaG, NL SOL, Harwell

* Constrained problem formulations - more model ity
» SQP codes adapted to exploit least squares stei¢aster methods

« EVM problems - expensive for conventional optimiaatcodes
- Many degrees of freedom for optimization
- Decomposition of KKT conditions required
- ODRPACK (netlib) developed for,y f,(6)

« Large-scale SQP methods developed for:

— Parameter estimation
— EVM methods
— Data Reconciliation

« IPOPT has useful characteristics for large-scatarpater estimation

59

it Optimization Algorithms for Data Reconciliation

Introduction to Data Reconciliation

M-Estimators

- Bayesian Forms

« Fair Function

« Redescending Estimator

Akaike Information Criterion
Mixed Integer Formulations
Static Examples

Dynamic Examples

Conclusions

60
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i Introduction

#® Data contaminated by errors

» Random errors:
& High frequency noise
& Typically ~ A(0,X?)
#» Gross errors and outliers
& Systematic occurrences: biases, drifts

& Not modeled by distributions
#» Contaminated data can bias estimates
#® Difficult to converge NLP when data noisy

#® |[nputs may be contaminated

61

Data Reconciliation Framework

# |Industrial applications of data reconciliation and parameter
estimation (DRPE)

Real time optimization Model predictive control

Regulatory - differential states
Controller

d- disturbances y: algebraic states
Manipuated variables

Optimization

Process

Process u: manipulated variables

Parameter Estimati

Reconciled
data

Operating data Meode! updater .

F(2 &), z(£), wlE
Gl=E) yit), wld

_i| Data Reconciliation
and gross-eror detectiol

il
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Effects of Gross Error in Regression

Example: Boiling point of HoO vs. atm. pressure with 2 outliers (Weisberg,

1985)
= .
N
3
» /N

M ws e x  ow  me @ xe  3m M3 e
]

Sources of gross errors: Broken gauges, process leaks, improperly used
measurement devices, operator errors

Identify and negate effects of gross errors

63

i« Data Reconciliation — Literature Review

# Sequential y? tests:
& Crowe etal. (1983), Madron (1985), Kao et al. (1992)
#® Combinatorial

# Serth and Heenan (1986), Narasimhan and Mah (1987): Serial
Combination and Generalized Likelihood Ratio tests

& Crowe (1989): Max. power test
# Rollins et al. (1996): Linear Combination Test based on 2 tests
& Bagajewicz et al. (1998): Graph theory based, linear ODEs

#® Simultaneous

& Tjoa and Biegler (1991): Contaminated normal - difficult to tune,
cannot detect biases

& Albuquergque and Biegler (1996): Fair function - easy to use, no
explicit outlier identification

32
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Treatment of Outliers: M-Estimators

M-Estimator: modeling the influence of residual outliers
through modification of maximum likelihood (ML) functions

Bayesian Statistics and Bernoulli Trials

« Statistical definitions and ML function
« Allows statistical inference

Robust Statistics

» Modification without inferential aspects

Akaike Information Criterion (AIC)
- Based on ML extended to discrete parameters

65

4 Bayesian Approach: Bernoulli Trial

Assume separate probability distributions for random and gross
errors:

P(e 16, X)) = R(g |6, X)N(R) +G(g |6, X)IMT(G)
P,R,G — probability distributions
II(R),II(G) - prior distributions
&- measurement error
0 — parameters
X; — measurements

G(e)

66
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_ Bayesian Approach: Bernoulli Trial
ERING
Combine both distributions into ML function:
P(g |6, X)) =R(g |6, X )I(R) +G(¢; |6, X;)N(G)
P(& 16, X)) =R(& |6, X)A-p) +G(& |6, X)) p

P(g 16, X;) =expt-£?/ a*)(1- p)/ 0, +exp(-£*I(ba )*) p/(a;b)
maxz log(P(&; |6, X,))
p - fraction gross errors
b~ scaleof distributions
o - varmeasurement i

R(€)

G(e)

67

= Bayesian Approach: Gross Error Test

Solve optimization problem and perform gross error tests at solution:

maxz log(exp(-¢>/0?)(1- p) +exp(-¢*/(ba )?) p/b)

If gross error :exp(-¢”/0?)(1- p) <exp(-¢”/(bo )*)p/b

R(€)
Random Error
Gross Error

G(e)

+ Statistical basis for determining gross errors
-Assumes gross errors follow proposed distribution
-Not robust to deviations from assumptions

68
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= Example (Pai and Fisher, 1988)

05(x,)? = 0.7, + XU, +(X,)*uu, +2%,(u;)* — 2558 =0
X = 2%, + 3% X, = 2X,U; — X,U,u; +1112=0

XU, — X%, + E’»x;x3 = 2X,U, —X,u,u, +1112=0 [ 100 right
X, =% = (%) +U, +3u, =0 DD 0 wrong
X5 = 2XU,U; =0 [I_
2%, + X, XU, +U, —U; —1266=0 B
_ _
5 measured variables (x) —_ 87 right
3 unmeasured variables (u) =
0 wrong
b= 20, p=0.2, 6=0.1 =
[———]
Introduce 20% gross error into - .
| 99right
500 data sets generated randomly T~
~__ 1 wrong
\

69

we Robust Statistics for Gross Errors

» Common Assumption: Data with normally distributed random errors
= likelihood function is /least squares estimator
# likelihood of data corrupted with outliers: difficult to determine
# Estimators derived from fixed probability distribution: not justified
# Robust Estimators:
& largely distribution independent
& unbiased estimates when data from ideal distribution
# Insensitive to deviations from ideality

& Add less weight to outlying measurements = protect other
measurements from being corrupted

70
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s Robust Statistics Properties

Find estimators that are insensitive to deviations in assumptions of

noise distribution.

F — assumed distribution of data
G — actual distribution of data
T(-) — test statistic or distribution of estimator
Example:
S1:[2.0,2.1,2.2, 2.3, 2.4]

S2:[2.0, 2.1, 2.2, 2.3, 24]

=>» Median is a robust statistic, Mean is not.

¢(F,G)<el S(T(F),T(G) <y

Mean = 2.2, Median=2.2
Mean = 6.56, Median=2.2

71

s Huber Class of Robust Estimators (1981)

Fair Function ( Rey, 1988)

Or —ng%l IogEt+|£ e

ctf

*Use 3} o instead of least squares objective
*Convex function of normalized residual
*Small residuals — quadratic behavior

Large residuals — linear behavior

«C — Tuning parameter based on Cramer-Rao bound (trade off

efficiency (high C) with robustness (low C))

C=02152 _0'63662@ where ¢ =
1-¢ V,

0.2

Fair

72
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w Hampel Class of Robust Estimators

Three Part Redescending Estimator (Hampel, 1974)

L .
565 0| < a
rf|',-|—”j2 a< |5l <h
H, = . | 51
ab— % +(c—b)§ [l - (fa_lhl) | . b< s Le
ab— % +(e=b)35, lgi] = e,

Three parameters define regions: ¢ > b+2a

Quadratic, linear and constant parts involving norm alized residual

Nonsmooth — requires some smoothing approximations

Not clear how to tune a, b, ¢

73

i M-ESstimators in Robust Statistics

M-Estimators

N
® Qverall likelihood of N observations: £ = IT €(xilp)

i=1

: N
B M-estimator = pM = —log £ = — 3 log ((x:|p)
=1

i

T[(1 —t)f +td(e — &)] — T[/]

M-Estimators Used IF =4(s)= fl'% -

1. Least Squares Estimator (Non robust)
® Severely biased by outliers

2. Fair Function (Robust)

®» T7TFisboundedas= — =~
3. Three part Redescending Estimator (Robust)
®» TF — 0ase — o< e

37
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Properties of M-Estimators

M-estimators Influence functions

— — Least Equares Estimanr
Fair Funcion {C = 1.3358}
h —— acescencing Estimator (el Be2, cad)

" o T -1 o 1
magritude of residual agninade of resiuals

75

ical
Mﬁf‘mvm

Properties of M-Estimators

Bayesian Robust
Distributional Assumptions? Yes No
Sensitive to Assump. Deviations? Yes No
Statistical Inference at Solution? Yes No
Incorporate prior knowledge? Yes No

-For robust case, apply exploratory statistics (e.g., boxplots) at solution

- Need data redundancy to identify gross errors

76
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Dynamic Data Reconciliation

Fp

o

L R L)

A F ) F2

1

# NMeasurements: Flows Fy, Fy, Fy & heights L, and L,
#» [DAE system

# Parameters: Tank areas: 1/4; & 1/4»

7

s Case 1. Comparison of Results

Reconciled L , Reconciled F ,

L L L L L L L L L L L L L L L n
3 4 5 [] 7 8 [] 0 1 2 3 4 5 6 7 8 9 10

*Discretize DAEs and solve as large scale NLP problem
with appropriate objective function

*Add random outlier noise to flow and level data

78
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w Tank Example — Case 1

*Qutliers drawn from broad random distribution
(distributional assumption satisfied)

sData reconciliation and parameter estimates done
well by

*Bayesian approach and M-estimators

Parameters VA, 1A,
True Values 0.5 0.5
Least Squares 0.698 0.503
Bayesian 0.490 0.50
Fair Function 0.501 0.501
Redesc. Tuned 0.50 0.50

79

= Tank Example — Case 2

«QOutliers systematic (distributional assumption viol ated); measurements

for L, and’F, stuck

*Data reconciliation and parameter estimation poor w ith Bayesian

approch

eData reconciliation does and parameter estimates do  ne better by

*M-estimators

Parameters VA, 1/A,
True Values 0.5 0.5
Least Squares 0.25* 0.55
Bayesian 0.25 0.25
Fair Function 0.25 0.439
Redesc. Tuned 0.499 0.500

*lower bound

80
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w Case 2: Comparison of Results

Reconciled L, Reconciled £

Least squares: Very poor DRPE

Fair function: Better than least squares but inadequate

Redescending: Avoids bounds on 1/4; and 1/A45. Tuned for best

result

Redescending Estimators superior for problems
with largely corrupted data

il (Gross Errors Modeled with AIC

Common statistical framework for combinatorial and robust DRPE
strategies?

2

o o o @

DR & Gross error detection = model discrimination and PE

Data models = partitions of residuals into random and gross errors
Parameters = # of outliers + model parameters

Obtain most likely model and its parameters

Max. likelihood estimators (MLE): asymptotically efficient =
likelihood function = sensitive criterion of deviation of parameters
from true values

Akaike Information Criterion (.A7C): Distance between fitted and true
models

ATC = -2 log(maximum likelihood) +
2(# independently adjusted parameters in model)

82
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W AlIC for Data Reconciliation

Objective Function

AZC = —2log(maximmun likelihood) +

2{# independently adjusted parameters within the model) |

N
AIC = E(S) = 22—{rJy(f‘(E('i,p),-i.p)) + 2 dim(p),
i=1

«Contains discrete and continuous variables
«dim(p ) = # gross errors in problem

sLeads to MINLP problem

*Can be simplified to MILP for linear systems

*AIC can also be used as an off -line objective for
calibration

83

& MINLP formulation

(Yamamura et al, 1988; Arora and B, 2001)

min

9 n
i {(11‘-;1” —- 3;) /05— H-;/UJ] +2- ) ¥
i=l -Model is for linear system, but
s.t. straightforward extension for nonlinear

-Direct minimization of AIC function

1 < Usys systems

=i < Uy - W, = positive or negative biases,
i — zU; = ziLi + Liy; <0 UzlulzL

=i+ 5U+ 5L+ Ly < Li+ U -Binary variables enforce this:

T > y = 0,1: existence of gross error
2 <y z = 0,1: positive or negative sign

Yir%i € {[}1 l}

84
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ﬁ% MILP Simplification

(Soderstrom et al., 2000)

) min g n
min g Bt S (1 + @) o + 35 wi -
Wk 3 @M — @) o — pafoi| + 3 wiwi = =
i=1 =1 st. Az =0
s.h. Az =10 Y K i,
r T (1", +,I.<‘,) =Ty i
i < Uity < U
3 Hi = Uil
—pi < Uy —ui < Uiy
Fi gl o by, > Wil
e a Z'L?U z’L';_ Li"’ 52 P pi — ziUy — 2l + Liy; <0
—pi+zli+ 2l + Ly S Li+Us =i +ziUi + z:Ls + Loy K Ly + U5
yt.‘zf € {07 1 }a T «‘h’ ‘/: n

i, 2z € {0,1}.

*Quadratic terms become absolute values (like Huber)
*Weighting values (w;) not clear
sLimited to linear models

*Much faster solution times

85

&mﬁMixed Integer Formulation for Gross Errors

Minimize ATC by solving MINLP: MILP (Soderstrom et al., 2000):

n

+ > wi-ui

n m

2
n ar
; o : .
mhn 30 [if—“%] - %%j| +2. 3 w _min >
i3 s

ST 17 S L8 i=1 idhiali j=]

g.t. Ar =0, -1) s.t. Ax =10,

M
[Ii —X4) kg
T o

(-2)
|tei| £ Ui, liei] < Usyi,
|i] = Ly, lei| = Layi,
y; € {0,1}, yi £ {0,17,

Ty 2 0. Iy 2 0,

u; to obtain independent biases
® Both MINLP and MILP: Expensive for EVM problems

® |n MILP: Choosing weights not entirely clear

® Neither suitable for large EVM problems
Cheaper + reliable DRPE in presence of outliers = use Robust Statistics

86
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Tuning the Redescending Parameters

® |dea: Minimize AZCassociated with the redescending estimator

® Tuning constants related to contamination in data

® Use size of redescending region to assign b and «a to obtain ¢ from
c=b+4 2a

» Simple Two-Step Tuning Procedure

1. Select range of redescending estimators

2. Perform DRPE and obtain values of 47C St1ep

3. Obtain bounds for location of minimum

4. Golden section search for e Stgp

5 b=1c/2, a=(c—b)/2

87

ical
Mﬁf‘mvm

Tune Redescending Estimator Using AIC
Tanks Example
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_ Steam Metering Example

ic:
ERING

® 28 streams, 11 nodes = 11 linear equa-lities= 28 variables

M M M
Ti1n Tiz "t Tim
‘ . A o o
# Moving horizon of data used XM —
...-‘d‘. . _-\f- . M .
Tnl Tnz TnH
® Sizes of horizon attempted: 5, 10, 20, 40
» 3 5 7 streams biased; bias propagation
® 100 moving horizons for fixed location of bias
® Smoothed redescending estimator for use in GAMS

89

s Steam Metering Results

OP — # unbiased wrongly identified

# simulation Trials

# biases correctly identified

# biases simulated QAL AELS

Sample results for horizon size = 5, 3 biases:

Method Wi OFP AVTL AIC CPU (s} horizon
Fair function — 0.640 3.907 - -
RE (a, b, ¢)

05,1,2 - 0.673 5.820 3.491 1114
1,2, 4 = 0.626 2.065 14112 1.075
2,4,8 - 0.571 0.305 40.299 1.057
4.8, 16 - 0.455 0.069 96.399 1.019
MINLP - 0.885 0.071 1.067 42989
MILP 1 0.685 2.265 1.211 4.369
MILP 2H  0.704 0.081 1117 0.592
MILP 100 0.112 0.000 17.148 0.386

® MIPs: used info. abt. type of gross error; EVM too expensive

® RE tailored to process = Tune RE parameters to minimize AZC
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Conclusions — Data Reconciliation

® Redescending estimators superior for gross error detection and
provide good parameter estimates

#® Redescending estimators
& More robust than Huber estimator: Fair function
o Can be tuned

# Simple two-step tuning strategy utilized: considerably improves
DRPE

# MINLP and MILP: good but computationally intensive and useful only
for linearly constrained problems
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